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Abstract 
This paper describes the optimization of conductor 
size and the voltage regulator location & magnitude 
of long rural distribution lines. The optimization 
minimizes the lifetime cost of the lines, including 
capital costs and losses while observing voltage drop 
and operational constraints using a Genetic 
Algorithm (GA). The GA optimization is applied to 
a real Single Wire Earth Return (SWER) network in  
regional Queensland and results are presented.  
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1. Introduction 
The electrification of rural, sparsely populated areas 
(such as much of rural Australia) presents some 
unique challenges to the electricity supply 
company/authority.  The long distances mean that 
capital and maintenance costs are high, while the low 
customer densities mean that income is low.  As an 
example Ergon Energy, which supplies most of 
Queensland (with the exception of the South East), 
has 64000 km of Single Wire Earth Return (SWER) 
Network supplying sparsely populated rural areas.  
This represents 45% of their total network length but 
supplies under 5% of its customers [1]. Other 
utilities in Australia and around the world supplying 
large sparsely populated areas would have similar 
statistics.  In the context of this challenging 
economic equation it is therefore imperative to 
minimize total lifetime costs, which include capital 
costs and running costs (maintenance and losses). 
From network planning perspective, long rural 
networks represent a challenge due to different 
voltage and loading profiles, fault levels, reliability, 
power quality and protection techniques. 
Consequently, planning philosophies applied for 
long networks are different compared with those 
used in planning of urban and short rural networks. 
Implementation of renewable and alternative energy 
solutions make these challenges even more specific. 
Most of the rural network consists of radial lines. In 
the case of distribution rural networks, there are two 
basic categories: 
 Short rural networks and  
 Long rural networks. 
There are numerous parameters used in 
determination of feeder categories. Some of them are 
related to the loading profile of the feeder (peak 
load, installed capacity and load density, power, load 
and loss factors). There are also parameters related to 
the feeder topology (length of feeder backbone, its 
overall length, the presence of SWER schemes and 
general feeder configuration), voltage regulation 
management (voltage profile, specific voltage drops 
and different voltage regulation requirements), 
reliability (length, number of protected sections, 
customer density, reliability indices SAIDI, SAIFI, 
CAIDI, CAIFI and MAIFI, lost customer minutes 
and lost energy) and protection (fault levels, settings 
of recloser and sectionalisers).  
This paper considers lines in the long rural network 
category. These radial lines can be either three 
phase, two-phase, or single phase. Most rural 
feeders, especially in the long rural configuration, 
supply SWER schemes with voltage and loading 
profiles which require a specific planning approach.  
In most cases the choice of voltage level is limited to 
a few discrete standardized distribution voltages (e.g. 
in Australia 33kV, 22kV, 11kV or their single phase 
equivalents 19.1kV, 12.7kV, 6.3kV).  The total 
lifetime costs can be minimized at the planning stage 
by optimal selection of the line route, the voltage 
level, the topology/number of phases and the 
network equipment (conductor, voltage regulators 
etc).  This optimization is subject to thermal and 
voltage constraints, that is, all equipment must be 
within its thermal rating and the voltage supplied to 
customers must be within its specification (for 
Australia typically within 6% of nominal). 
The conventional methodologies of distribution 
network planning are well established [2]. 
Furthermore, there has been much research on 
optimization of network routes, location of voltage 
regulators, reactors and substation sites using various 
methodologies including genetic algorithms (e.g. [3], 
[4], [5], [6]) and some commercial software load 
flow packages have routing/siting optimization 
modules. There has also been much research on 
selection/optimization of conductor sizes [2], 
although much of this is targeted to higher load 
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density areas where concepts like economic load 
reach are meaningful.  In sparsely populated areas, 
the long distances result in the voltage constraint 
being the overarching consideration with conductors 
operated well below their traditional economic (or 
thermal) loading limits.   
Mendoza et al [7], use a genetic algorithm to 
optimize the location of voltage regulators in a radial 
distribution system. They use a multi-objective 
algorithm to try and minimize power loss and 
voltage deviation. 
Diaz-Dorado et al [8], [9] use a dynamic 
programming approach and evolutionary strategies 
to optimize the conductor types and substation 
location for general MV/LV networks in the 
presence of some voltage constraints. These methods 
are potentially very useful for higher density areas. 
However for low customer density areas, the 
required optimization is mainly concerned with the 
selection of conductor and selection and location of 
voltage regulators. 
This paper uses a genetic algorithm to optimize the 
conductor size and voltage regulator magnitude and 
location of a radial line. The algorithms developed 
minimize the lifetime cost of the network subject to 
the network voltage constraint of Vnom±6%.  The 
algorithm developed is then applied to a real 19.1kV 
SWER network in Queensland and results are 
presented.  Some practical issues applying to 
sparsely populated areas, such as poor load diversity, 
are also addressed in the course of developing the 
solution. 
 
2. Problem Formulation 
For any given Greenfield planning problem, the 
starting point is the knowledge of the surrounding 
network topology, load centres, major customer 
locations, load magnitudes and expected load 
growth.  In most cases, in sparsely populated areas 
the route is obvious from the customer locations and 
terrain/vegetation so advanced/automated routing 
algorithms are of limited value.   This paper assumes 
that the optimum conductor route has been worked 
out, and focuses on the task of optimizing the 
conductor and voltage regulator solution. 
Typically, the network planner will have information 
available on component costs and associated 
technical parameters.  This would include approved 
equipment data & costs (e.g. conductors, 
transformers, regulators, poles) and construction 
costs (e.g. labour costs and ancillary costs such as 
procurement of easements).  Note that in practice the 
approved component database may be quite limited.  
For example conductor types available for use may 
be limited to 5 different sizes or less due to 
purchasing and stock holding considerations.   
Consider first a single radial line with customers 
distributed along it in known locations with known 
peak loads.  The main task of the planner is to select 
the optimum conductor and voltage regulator 
solution which minimizes the lifetime cost of the line 
subject to the supply authorities’ voltage constraint. 
For Ergon Energy’s long rural distribution network, 
acceptable voltage drops are based on specific 
parameters such as Line Drop Compensation (LDC), 
step voltage change (ΔV), bandwidth, regulation, 
unbalance, coincidence factor and Probability of 
Exceedance (PoE) and vary depending on the 
location and topology of the line. This paper 
considers a voltage constraint of ±6%.  
Theoretically, each section of line between 
customers could be made a different conductor size 
to minimize the cost, but most utilities would limit 
the number of different conductor types used on a 
single radial line. The solution is also subject to the 
utility’s operational constraints/rules, such as the 
maximum allowable number of voltage regulators on 
a long line (typically no more than 3) and the 
maximum regulator tap position (typically 10%).  
Therefore the problem becomes the minimization of 
the objective function: 
INSTLOSSPOLEREGCONDLIFE CCCCCC  (1) 
 subject to:  NkpuVV NOMk :106.0    31.0,  ipuV iREG  
   3typesconductor  
where: 
CCOND CREG CPOLE are the total purchase 
costs of the conductor, voltage regulator 
and pole solution respectively. 
CINST is the total installation cost of the 
solution including labour and purchase cost 
of easement/right of way. 
CLOSS is the total net present value (NPV) of 
power losses accumulated over the lifetime 
of the line (taken as 20 years in this paper). 
Vk is the voltage at the k’th customer 
connection point, VNOM is the nominal 
voltage and N is the total number of 
customers.  
VREG,i is the voltage magnitude in per unit of 
the i’th voltage regulator and the number of 
voltage regulators is limited to 3. 
This can be thought of as a search problem, where 
the aim is to search for the combination of 
conductors and voltage regulators which results in 
the lowest lifetime cost while meeting the voltage 
limit constraint (and other planning constraints).  For 
a given line topology (length, voltage, number of 
phases) CINST is largely constant and can be ignored 
in the objective function.   Note that this is problem 
has a very strict constraint; only a very small portion 
of the search space (i.e. possible combinations of 
conductor size and voltage regulator magnitude) will 
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satisfy the constraint.  Furthermore both the cost 
function and the constraint are non-linear and non-
differentiable.  A genetic algorithm (GA) approach 
taken to solve this problem since it is suited to 
problems of this nature as described in the next 
section. 
 
3. Genetic Algorithm Approach 
Genetic algorithms (GA) [10] are heuristic search 
algorithms which mimic the evolutionary process to 
search for the best solution to a problem.  In general 
they solve the optimization problems of the form: 
)(min xf
x
  (2) 
Subject to: 0)( xg  and UBxLB   
In the terminology used, each potential solution x to 
the problem is termed an individual and the elements 
of x are termed genes.  The function f(x) is termed 
the “fitness” (although it should be called 
“unfitness”).  An intial population of individuals is 
formed (either derived from an approximate solution 
or determined randomly) and the “fitness” of each 
individual is calculated.  A set of rules are used to 
generate the next generation of individuals.  These 
rules are loosely based on the biological processes of 
reproduction and mutation.  Over successive 
generations, the population "evolves" toward an 
optimal solution.   
The function g(x) is termed the constraint function 
and can be linear or non-linear and x is subject to 
lower and upper bounds (LB,UB). 
GAs are particularly suitable at determining 
solutions to optimization/search problems where the 
objective function and/or constraint function are 
discontinuous, non-differentiable and/or highly non-
linear.  Due to their stochastic nature, they are not 
able to guarantee the absolute minimum, however 
for practical purposes the solution is usually not far 
from the minimum.   
The authors implemented the optimization using the 
Matlab Genetic Algorithm toolbox [11]. The 
algorithm used has 3 methods of producing a new 
generation: 
Elite individuals get passed on to the next generation 
unaltered.  These are the individuals with the best 
(lowest) fitness values.  The number of Elite 
individuals can be specified. 
Cross-over population gets generated from mixing 
the genes of two “parents”.  Selection rules govern 
which of a current population get selected as parents 
and cross-over rules determine the methodology for 
mixing the genes. 
Mutation generates new individuals by applying 
random changes to the existing population. 
The proportion of elite, cross-over and mutant 
children can be set as can the various rules.   
 
4. Application to conductor/voltage regulator 
optimization 
In order to use the GA approach, the problem as 
formulated in equation (1) needs to be re-cast in the 
form of equation (2).  To do this, the first step is to 
choose the physical quantities to make up the 
individual x i.e. what independent parameters 
uniquely determine the solution?  In this case x was 
chosen as the conductor diameter per line segment 
and the voltage regulator boost per line segment i.e. 
]......[ 2121 NN vvvlllx    (3) 
subject to: UDlllLD N  ,..., 21    
 puvvv N 1.0...21   
 3]...[ 21 Nvvvnnz   
Where:  LD, UD are the lower and upper diameter of 
available conductor. 
nnz is the number of non-zero elements 
The conductor diameters were chosen as continuous 
rather than discrete variables with upper and lower 
bounds equal to the minimum and maximum 
available conductor diameters respectively.  This 
was done in order to improve the convergence 
characteristics of the search algorithm.  In practice, 
there would be a number of different discrete 
diameters available corresponding to different 
conductors in the approved database.  These are later 
“discretized” i.e. once a solution is found, the 
continuous diameters are rounded up to the next 
available conductor diameter. Note that in practice, 
the conductors are usually multi-strand therefore the 
conductor diameters l1...lN were chosen as the 
diameter of a single strand conductor to give the 
same cross sectional area as the multi-core 
conductor. The values [v1 v2 ...vN] represent the 
voltage magnitudes of the voltage regulators at 
nodes (customer connection points) 1 to N.  The 
constraint of a maximum of three voltage regulators 
is implemented via the fitness function as described 
below. 
The fitness function is the total cost of the solution 
as per equation (1).  The conductor cost can be 
approximated from the conductor diameter and 
length of section, the regulator cost can be calculated 
from the total number of non-zero regulator elements 
of [v1 v2 ...vN].  This was done with a non-linear 
continuous function of the form: 



  )(, 1
11
ivREGiREG e
KC   
Where: KREG is the cost of a voltage regulator and 
α,∆ are exponential parameters to approximate a step 
function. 
A continuous function of this form is better than a 
discontinuous function at assisting convergence of 
the algorithm.  If the number of regulators is greater 
than three, the total regulator cost CREG is multiplied 
by 50 which effectively implements the maximum 
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regulator constraint.  The pole cost is in practice 
related to conductor type (for example steel 
reinforced cable can support greater conductor spans 
and hence requires fewer poles per unit length), 
however this is a small effect and was ignored in this 
case.   The cost of loss CLOSS must be calculated from 
the total power loss. It takes into account two 
elements: 
 The cost of energy Ce, which includes 
generation capacity and the cost per unit energy 
supplied. 
 The network cost Cn, which is the cost of 
provision of additional network capacity for 
both the transmission and distribution network. 
This cost takes into account the voltage level at 
that point in the network. 
 
Total cost of losses is: 
CLOSS = Ce + Cn,   (4) 
Where [14]: 
Ce = Ppool x LFtx x LFdist x 8760 x LLF 
Cn = Pnetwork × MPF ×8760 × LF 
And: 
Ce is the cost of energy, ($/kW) at peak 
periods. 
Ppool is the average pool price ($/kW). 
LFtx is the average transmission load factor. 
LFdist is the average distribution load factor. 
LLF is the system loss load factor. 
Cn is the network cost, ($/kW) at peak 
periods. 
Pnetwork is the network price at the voltage 
level ($/kW). 
MPF is the marginal network cost / average 
network cost, 
LF is the load factor at the voltage level. 
 
Within Ergon Energy, for rural circuits, this works 
out at A$294/kW annually (or approximately 
A$0.034/kWh).  Figures for other Australian utilities 
would be slightly different due to different network 
parameters.  
 
Study of network losses requires a load flow 
calculation to be done for each individual (potential 
solution) to calculate the network voltages and 
currents and therefore the power loss.  The NPV was 
calculated by accumulating these losses over 20 
years at current costs.  If power costs are expected to 
increase above the discounted cash rate (i.e. the cost 
of money supply used in NPV calculations - at 
present around 8% pa in Australia) then an 
adjustment factor needs to be added. 
To implement the voltage constraint the non-linear 
function g(x)≤ 0 must be formulated.  This is done 
from equation (1) as:  NkVVxg NOMk :1006.0)(   (5) 
For each individual (potential solution) a load flow 
must again be done to calculate the node (customer) 
voltages and therefore g(x). If g(x) is negative for 
any particular individual x, then that individual 
(solution) is effectively excluded by the Matlab non-
linear constraint solver which uses an Augmented 
Lagrangian Genetic Algorithm [11]. 
A study was done with a 150km radial line with 50 
evenly spaced customers each consuming 5kVA.  
The line was split into 50 segments with the nodes 
defined as the customer connection points.  The 
individual (potential solution) x was defined as 
consisting of 100 genes (elements) made up of the 
cable diameter of the sections and the voltage 
magnitude of the voltage regulator at that node as 
per equation (3).  A population size of 200 
individuals was used and the algorithm was 
initialized with a guessed solution of 6.5mm 
conductor along the entire length of the line with no 
voltage regulators (i.e. x(1:50) = [6.5 6.5 .... 6.5] and 
x(51:100) = [0 0 ... 0]).  To set up the algorithm, an 
Elite count of 6 was used with a cross-over fraction 
of 0.5 and a heuristic cross over algorithm (creates 
children that randomly lie on the line connecting the 
two parents, a small distance away from the parent 
with the better fitness value, in the direction away 
from the parent with the worse fitness value [11]).  
Note that this cross-over fraction means that roughly 
half of each successive generation will be generated 
by cross-over and half by mutation.  This is 
relatively high proportion of mutation was required 
to avoid the algorithm getting stuck at local minima.  
A total population size of 200 was used with a 
“Tournament” Selection algorithm (selects each 
parent by choosing individuals at random, and then 
choosing the best individuals out of that set to be 
parents).  
Fig. 1 shows the final best individual as well as the 
convergence of the best individual fitness value (i.e. 
cost).  The best final individual has produced a result 
with tapering down conductor size with no voltage 
regulators.  The convergence of the best fitness 
occurs mainly in the first 5 generations, with only 
minor refinements over the next 20 generations.  
This is typical of a highly constrained problem.  The 
final cost of just over $400K from an initial solution 
value of $650K (note that this excludes labour and 
easement costs which are assumed constant for a 
single line).  
A possible practical solution of three different 
conductor sizes [12] is shown superimposed across 
the solution.  With these available conductors, 
sections (genes) 1-30 could be conductor #3, 
sections 31-45 conductor #2 and the remainder 
conductor #1.  
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Figure 1: Fitness (cost) convergence and final 
solution for 5kVA, 50 customers, 150km line 
To demonstrate the power of the GA, the load per 
customer was doubled to 10kVA.  Fig. 2 shows the 
voltage profile obtained from use of the thickest 
conductor (diameter = 7mm) with no voltage 
regulators.  It can be seen that the voltage at the end 
of the line (from about node 25 onwards) does not 
meet the voltage constraint (0.94pu) showing that at 
this load density voltage regulators must be used. 
 
Manually developing a solution that meets the 
voltage constraint and optimises the cost would be a 
tedious process.   However the optimum solution can 
be found using the GA, even with an initial guess as 
per the previous example (6.5mm conductor and no 
voltage regulators) that does not meet the voltage 
constraint and therefore is not a solution. Fig. 3 
shows the fitness convergence and final solution 
obtained. The fitness graph again shows rapid 
convergence to an approximate solution.  The final 
solution again shows tapering conductor size as 
could be expected, however now a voltage regulator 
of magnitude 0.1 per unit has been inserted on node 
20 (corresponding to position/gene 70 of the 100) to 
enable the voltage constraint to be met. The 
conductor size decreases in a sharp step immediately 
after the voltage regulator, to minimise the overall 
cost of solution. 
This final solution represents the lowest lifetime cost 
solution including capital costs and losses. Fig. 4 
shows the voltage profile corresponding to the final 
solution. As can be seen the voltage remains within 
the specification. 
The next section presents a practical example of 
applying the GA optimization to a 19.1kV SWER 
line in Central Queensland. 
 
 
 
 Figure 3: Fitness (cost) convergence and final 
solution for 10kVA, 50 customers, 150km line 
 
Figure 2: Voltage profile for 10kVA, 50 
customers, 150km,7mm conductor 
Figure 4: Voltage profile for 10kVA, 50 customers, 
150km line, final solution 
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5. Practical Application 
Fig. 5 shows the Mistake Creek North SWER line in 
Central Queensland which is part of the Ergon 
Energy network.  This is a typical 19.1kV SWER 
line which services 68 customers.  It is supplied from 
a 3 phase 22kV feeder by a pair of 200kVA SWER 
isolating transformers (IT) giving a rated capacity of 
400kVA.  The backbone (heavy line in Fig. 5) 
consists of 90km of 3/4/2.5 Aluminium Conducting 
Steel Reinforced (ACSR) ‘Raisin’ conductor and the 
branches or spurs consist of a total of 364km of 
3/2.75 Galvanised Steel Conducting (SC/GZ) 
conductor.  A voltage regulator (VR) has been added 
47km along the backbone with a range of ±10%. 
The annual peak 15 minute load is measured at the 
SWER isolating transformer. The general practice is 
to estimate the individual contribution of each 
customer from their relative transformer ratings.  An 
issue that needs to be considered in calculating the 
customer loads is the potential lack of diversity on 
these low customer density lines. Fig. 6 shows a 
typical coincidence factor plot taken from a standard 
reference [13]. Given standard probabilities of 
coincidence of load, the aggregated peak load 
decreases with increasing customer numbers.  For 
the low customer numbers (0.15 customer / km) and 
long and high resistive lines associated with SWER 
lines like Mistake Creek North (9.5 Ω/km for steel 
conductors), this implies that customers on the end 
of long rural lines will experience significantly lower 
voltages than typical feeder level maximum demand 
studies indicate, since their load factors (peak to 
average load ratio) will be significantly higher than 
those experienced at the start of the feeder. 
Therefore to obtain realistic voltages from load flow 
studies a coincidence factor adjustment must be 
used. This paper adjusts the individual customer 
loads to match with this coincidence factor curve in 
Fig 6 and then the loads are normalised to match the 
total maximum demand on the feeder level. 
Therefore the customer on the end of the line is 
given an adjustment factor of 2, as per Fig. 6 and this 
factor is progressively reduced as we move towards 
the start of the feeder. 
An optimization of the main backbone was done, 
taking each spur as a “customer” with its peak load 
Figure 5: Mistake Creek North SWER line 
Figure 6: Typical Peak Coincidence curve (derived 
from reference [13]) 
SWER IT 22/19.1kV 
VR 
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adjusted according to the coincidence curve.   
 
This results in a total of 15 sections of length 
between 0.2km and 14.5km.  Table 1 shows the 
lengths of section and resulting (adjusted) peak load 
per spur line.  As can be seen there is a large load on 
the end of the line corresponding to the two large 
spurs in Fig. 5.  The total load on the 90km main 
backbone is 362kVA. 
The cost of the current solution (excluding labour 
and easement costs as before) is around $380K and 
the existing line voltage profile with the loads in 
Table 1 is shown in Fig. 7. 
 
Table 1: Mistake Creek North section lengths & 
loads
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Section 
Length 
[km] 0.2 0.2 5.2 9.5 1.2 2.7 13 2.6 4.6 7.2 9.8 4.2 13.8 0.7 14.5
Peak 
Load 
[kVA] 7.2 7.3 11.1 3.7 22.6 34.4 3.9 9.9 18.3 23.0 68.5 4.6 4.9 5.4 138  
 
The GA was initialized with similar optimization 
parameters as used before, with 30 genes consisting 
of the conductor diameters and regulator voltages of 
each section (i.e. 15 conductor diameters and 15 
regulator voltages).  A total population size of 100 
was used (3.3 times the number of genes).  The size 
of population is determined via trial and error and is 
a trade-off between computational time and accuracy 
of result.  For reasonable results, the population size 
should generally 2 to 4 times (and an absolute 
minimum of 1 times) the number of genes. 
 
Fig. 8 shows the results obtained. The final cost 
arrived at is around $330K compared with the 
present solution cost of $380K, suggesting thicker 
conductor but no voltage regulator.  This illustrates 
the trade-off between conductor size and number of 
voltage regulators that is optimized by the GA.  
 
Fig.9 shows the voltage profile along the line that 
shows that the voltage is within specification.  This 
demonstrates that the GA methodology can be used 
to determine a solution that minimizes the lifetime 
cost. 
 
This method can easily be extended to optimize all 
the spurs and thus the entire SWER line. 
 
 
Figure 8: Mistake Creek Optimization results 
 
6. Conclusion 
This paper has optimized the conductor size and 
voltage regulator position and magnitude of a radial 
feeder via application of a genetic algorithm (GA).  
The proposed method was to divide the line into 
sections and nodes with each node representing a 
customer (or the start of a spur line) and construct 
each individual (potential solution) based on the 
conductor size of that section and the magnitude of a 
voltage regulator at that node.  A constraint function 
was built to ensure that the voltage profile along the 
line remained in specification.  Results derived from 
both theoretical and real networks show that the GA 
Figure 7: Voltage profile of existing Mistake Creek 
North Line 
Figure 9: Mistake Creek North Voltage Profile 
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methodology shows much promise in enabling 
network planners to minimize the cost of their 
planned solutions. 
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